Abstract. In this study, we propose a computational diagnosis system for detecting the colorectal cancer from histopathological slices.The computational analysis was usually performed on patch level where only a small part of the slice is covered. However, slice-based classification is more realistic for histopathological diagnosis. The developed method combines both textural and structural features from patch images and proposes a two level classification scheme. In the first level, the patches in slices are classified into possible classes (adenomatous, inflamed, cancer and normal) and the distribution of the patches into these classes is considered as the information representing the slices. Then the slices are classified using a logistic linear classifier. In patch level, we obtain the correct classification accuracies of 94.36% and 96.34% for the cancer and normal classes, respectively. However, in slice level, the accuracies of the 79.17% and 92.68% are achieved for cancer and normal classes, respectively.
Introduction
Colorectal cancer is the third most common cancer in both men and women world-wide and is the third leading cause of cancer-related deaths in the Western world [1] . For 2012, 103,000 colon cancer cases and 51,000 colon cancer related deaths are predicted for the United States. Like for many other types of cancer, histopathological analysis is accepted as the gold standard for malignancy diagnosis [2] . The analysis of these data, however, is performed visually and the detection and grading of the suspect tissue may show variability depending on the experience and awareness of the experts. Therefore, various studies have been performed into the development of computer-aided diagnosis systems (CAD) to improve the ability of pathologists at discriminating between malignant and benign tissue.
As the presence and grade of malignancy in the cell tissue is strongly correlated to histological structures like, lumina, stroma, nuclei and glands, most CAD research is focused on structural shape changes. A gland, which has lumina at the center and is surrounded by the stroma and nuclei, loses its regular structure with progressing malignancy [3, 4] . In addition to glands, the number of nuclei and also the arrangement of the nuclei in the tissue can have diagnostic significance for some kind of malignancy in histopathology [5, 6] . Numerous methods have been used to detect the nuclei in histopathology images and various automated detection results were compared against manual segmentation [7, 8] . It has, however, been indicated that the histological objects in the tissue may not need to be perfectly detected for good tissue classification when a comprehensive set of features is available [9] . Boucheren et. al [10] achieved good classification results on breast cancer histopathology with the imperfectly segmented nuclei. In addition to glands and nuclei, the malignancy drastically changes the density of lumina and stroma in tissue. The relevance of texture information on the cytoplasm and stroma structures was reported for classification. Sertel et.al [11] evaluated Haralick and Local Binary Pattern (LBP) features categorizing the nerve histopathology images into stroma rich and stroma poor classes for nervous cancer prognosis.
CAD in histopathological image analysis [11] is, however, still at the evolving level compared to CAD in radiology [12] . Besides, recent studies in histopathology image analysis were mostly focused on prostate and breast cancer [6, 5] detection but very limited study was encountered on computational diagnosis of colorectal cancer [13, 14] . In general, the computational histopathological image analysis is performed on patch level rather than slice-level due to their relatively large size [6, 13, 3, 8] . Serter et.al [11] proposed a multi-scale analysis system to classify the nervous tissue images into stroma-rich and stroma-poor regions for neuroblastoma cancer detection. In colon histopathology, Ficsor et. al [14] extracted the glandular and nuclei structure in patches, then combined the patchlevel statistics to get slice-level features for classification of the Crohn's diseases, ulcerative colitis and aspecific colitis. However, slice-based approach proposed in [14] is not appropriate for cancer diagnosis. Because nonmalignant regions in a tissue may suppress the malignant regions in a slice if global statistics is used. To the best of our knowledge we are the first to present both a scheme that performs a diagnosis at the level of the full image and a method that focuses on colorectal cancer.
We propose a two level classification scheme for classifying full colon cancer histopathological images, which we refer to as slices. These very large sized slices are built up of sub-images, which we refer to as patches. In the first level, we use patch-labeled tissue images to generate a four class classifier with classes normal, cancer, adenomatous and inflamed (see Fig.2 ). Subsequently, patches in slices are classified into these four classes. Each slice is then represented by a feature vector from the patch classification results based on which the entire slice can be labeled and our procedure can be evaluated. Further details on the data employed together with the used feature extraction, selection, and classification algorithms are presented in Section 2. Experimental results and conclusions are given in Sections 3 and 4, respectively.
Materials and Methods

Data
A total of 120 H&E stained colon biopsy slices from 96 different patients were collected and scanned by high resolution camera at Atrium Medical Center, Heerlen. The original slices (sized about 70,000x120,000) consist of equal sized patches of 1024x1024 pixels. Each slice may include different numbers of patches that display actual tissue (between 200 and 6000) depending on the size of the original biopsy etc. Slices were labeled at two different levels: either at slice-level or at patch-level. 55 of the slices are used for patch-based labeling where each individual patch was assigned to one of the four primary (normal, cancer, adenomatous, inflamed ) and two secondary classes (unknown, inappropriate) by a pathologist (see Fig.2 ). The unknown class is for the patches which the pathologist is not sure and inappropriate is for the patches which are not appropriate for analysis due to the imaging problems such as camera focus. We consider the primary classes only, which include 6134, 2503, 2261 and 2967 patches, respectively. The remaining 65 slices were labeled in a slice-based manner where 24 of them were assigned to the cancer and 41 of them were assigned to the normal class. The patches in these 65 slices were not labeled individually. The slice-based dataset is more challenging for pattern recognition tasks but more realistic for analysis in pathology. A pathologist assigns the slices to one class although it may include patches from different classes. For example, a cancer labeled slice may include patches from non-cancer classes as well as it includes cancer patches, though the opposite situation is unlikely. To limit the computation times, we randomly selected a number of patches from every slices as a representation, with a maximum number of 300. Taking more than 300 patches hardly leads to improved performance as the necessary statistics are already estimated well.
Structural Features
In colon tissue, glands may have irregular shapes even in nonmalignant slices (Figure 1 ). Therefore, we ignored the shape of the glands and focused on the density of the structures and nuclei in tissue. We divide the tissue image into background, stroma, lumina, and nuclei (Fig. 2b) (Fig. 2b) is used for masking. Next, the RGB image is transformed to gray levels, which are normalized. These normalized images are then used for nuclei detection. Nuclei are detected by Laplacian filtering. Because of slight variations in scale, we used Lindeberg's blob detection algorithm with automatic scale selection over a small scale range to find the nuclei [15] . Using this algorithm, we can detect a larger number of nuclei around and between the glands (Fig.2c) . With this procedure, the connected nuclei around the glands, which are concatenated to each other, are missed however. The nuclei in patches could be better segmented using more advanced techniques. The findings in [9, 10] indicate, however, that imperfect detections like the ones we employ do not necessarily hamper good classification results.
The number of nuclei in the tissue and their arrangement has significant importance for tissue classification. To capture this, we divide every patches into 16 sub-patches, considering only sub-patches that contain tissue. We then extract local shape features for each sub-patch, such as the number of nuclei per tissue, the ratio of each individual segment (stroma, nuclei and lumen) to the whole tissue, and pairwise ratios of individual segments. Then the mean and variance of these local features are evaluated to yield 19 structural features to represent a patch.
Texture Features
H&E staining in pathology colors the structures in tissue with different colors (i.e. blue-purple, pink etc). However, we observed a number of improperly stained tissues which the colors are inappropriately distributed in RGB space. Therefore, we moved to HSV space for texture analysis and extracted texture features from H, S, V components together with normalized gray value components.
Haralick Features. We extract four of the second order statistical texture [16] features. We first evaluate gray level-concurrence matrix M (θ) ∈ R NxN in four different directions where θ ∈ 0, . Using this matrices, we extract the four Haralick features; homogeneity, contrast, energy and correlation for each directions to yield 16 features.
Gabor Filter Features.
We construct a set of Gabor filters G(f, θ) [17, 5] for orientation parameters G(f, θ) and frequency parameters f ∈ {k, 2k, ..., 8k} where k is selected to be 1/16 to produce filter within one period. With the inclusion of the filter for the parameter (0,0) we obtain 65 different Gabor filters. We filter the tissue image with the obtained filters and the average, variance and minimum-to-maximum ratio of these filtered images are used as features to yield a total of 195 Gabor features for the given image.
Color Channel Histograms. The existence of malignancy and also the level of malignancy alter the structures in tissue and this significantly the effect the color distribution after H&E staining. Therefore, color channel histograms of R, G and B component of the raw tissue image are obtained after removing the background pixels. We evaluate 32 bin histograms for each channel to yield a total of 96 features for each raw image.
Feature Selection
A total of 1287 (1269 texture + 19 structural) features are extracted using the algorithms defined in previous section. Not all features, however, may be relevant for the classification of patches and having too many of them typically has a negative effect on the classification accuracy. Besides, it is computationally demanding to extract large number of features for large data set like high resolution microscopy images. Therefore, we chose to reduce the data dimensionality by simply ranking the features according to their discrimination potential using the sum of Euclidean distances between all four class means [18] . To decide on the number of features to retain, features are incrementally included and tested for classification performance. The optimal number of features is simply that number that gives the lowest estimated classification error.
Classification and Slice Level Fusion
Using the reduced feature set, a k-NN classifier is trained for four-class patch classification in which the neighborhood parameter k is optimized by means of leave-one-out cross validation. As our procedure should operate at a slice level, rather than patch level, we propose a second level fusion step for slices based on the patch based classification scores obtained on every slice. Using the k-NN classifier, this second step collects all the posterior probabilities from the (up to) 300 patches that represent every slice and calculates the average posterior for all of the four primary classes. These averaged posteriors can now be taken as new feature vectors that represents a full slice. Using these features, a logistic regression is used to come to a final diagnosis for a whole slice. We note that the initial patch classifier has been trained on the first part of the data only. None of the 65 test images were involved in this. The second stage classifier is also evaluated by means of leave-one-out.
Experimental Results
Patch-Based Classification
The patch-labeled dataset with cancer and normal classes is randomly divided into test and train sets and the best 155 number of features are selected considering their individual Euclidean distances between the classes. A logistic-linear classifier is used for classification and the mean classification error is considered for evaluation. The patches in colon histopathology may have different tissue ratio (tissue area/ patch area). In order to analyze the effect of tissue ratio for classification we restricted the lower bound of the tissue ratio for specific values and perform classification only with the patches whose tissue rate is higher than the defined values (Fig. 3) .
Fig. 3. Minimum classification error rates with respect to the lower bound in tissue ratio
It is observed that the error rate decreases if we move the lower bound to 50% but then starts to increase. Increasing the tissue ratio inversely decreases the number of objects in dataset and the decrease of objects in dataset explains the increase on the error curve. However, We fix the tissue ratio to 25% for further analysis and obtain the correct classification rates of 94.36% and 96.34% for the cancer and normal classes, respectively.
Slice-Based Classification
For slice-based classification, the entire objects in patch-based dataset are used for training a k-nn classifier with four main classes (normal, cancer, adenomatous and inflamed ). Then, the unlabeled patches in each slice are classified into these four classes and feature vector representing the entire slice are obtained based on the patch-based classification. The slices are then classified by using leave-one out principle using a logistic linear classifier and correct classification accuracies of 79.17% and 92.68% are achieved for the cancer and normal slices, respectively.
The results in slice-based classification give rise to an 87.69% correct classification accuracy which is lower than the accuracy obtained in patch-based classification. The accuracy of testing is measured by the area under ROC curve (AUC) and we obtain a AUC value 0.90 for the slice-based classification.
Conclusion
An automatic whole-slice based histopathological image analysis method is proposed to determine the colon cancer. In the proposed approach, a two level classification scheme is proposed to handle the patch-based and slice-based recognition based on the texture and structural features. In the first level, path-based classification is performed between cancer and normal classes and the classification accuracies of 94.36% and 96.34% are achieved for each class, respectively. The tissue ratio significantly affects the classification results. Eliminating the patches with, respectively, less tissue ratio decreases the classification error. However, marginal elimination should be avoided because malignancy may exist at even small tissues. The obtained patch-based classification results are promising and it is more or less than the results obtained in literature. However, the main contribution of the study is on the whole-slice classification which is more realistic for histopathology. Because, malignancy does not spread homogeneously in the tissue and the patches acquired with high resolution scanner may be in different diagnostic labels. The whole-slice based classification task is achieved in two levels; first the patches in slices are patch-based classified into normal, cancer, adenomatous and inflamed classes and then the distribution of the patches to these classes are considered to get a higher level feature vector representing the slice. Then the slices are classified into two cancer and normal classes where 19 of the 24 cancer and 38 of the 41 normal slices are correctly classified which makes a 87.69% mean classification accuracy in slice level.
